This paper is a case study of the use of public use administrative data for the estimation of empirical relations when key dependent variables are not available in the data. It is shown that the out-of-hospital mortality rates can be identified using the patient discharge data without post-discharge death records. Using data on the lengths of hospitalizations and out-of-hospital spells, the mortality rates before and after discharge as well as discharge and re-hospitalization rates are estimated for a sample of heart-attack patients hospitalized in California between 1992 and 1998. The results suggest that ignoring variation of discharge rates among hospital types could be misleading in evaluating hospital performance regarding mortality risks.
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Introduction
In-hospital mortality has been widely used as a measure of quality of medical care. However, a major concern is that the in-hospital death outcomes do not necessarily reflect the long-term effects. Particularly, due to differences in discharge/transfer policies across hospitals the in-hospital mortality could be a biased measure of quality, overstating the quality of hospitals with a relatively high discharge rate especially if low-quality hospitals discharge their patients prematurely or transfer their most severe cases to better hospitals.
In his study of ownership conversion, Sloan [1] reports that while the inhospital mortality is not affected by conversions, the longer-term mortality probability has increased as hospitals converted to for-profit status. Those findings suggest that hospitals with shorter stays may have higher mortality rates after discharge. A complete measure of hospital-specific mortality risk should therefore include the risk of post-discharge mortality. However longitudinal surveys that follow patients after discharge are expensive, hardly available or limited to certain groups of patients.
Alternatively, external sources such as expert evaluations or other independent measures can be used to validate the quality measures based on in-hospital mortality risks [2] . However, such validation studies are also very expensive. On the other hand, hospital administrative records such as Patient Discharge Data (PDD) provide a large number of observations at relatively low costs. Administrative data are often made available to researchers in public use files, which usually cannot be linked to external data such as death records. For instance in the PDD public use files, the patient's identification is encrypted with a unique system that allows tracking any given patient only within the discharge data. Such encrypted identifications allow for instance to identify later re-hospitalizations but not any out-of-hospital event.
Therefore, most of the mortality measures used in the literature are based on in-hospital events. In many cases, the long-term effects have been taken into account by complementary measures. Many studies [3] [4] [5] have used the probability of rehospitalization in the future with or without complication, to account for long-term effects. However, other studies [6, 7] have found that readmission risks are related to the patient's clinical conditions rather than hospital quality. Moreover, because of negative correlation between mortality and future readmission [4] , the estimations based on readmission usually do not provide additional information on hospital quality. Another approach used in the literature is a censored duration model of inhospital mortality [8] [9] [10] . These models to some extent control for the variations in hospital stays across hospitals, but do not give any information about probabilities of discharge, re-hospitalization and post-discharge mortality.
When the death outcomes out of hospital are not available, the statistical inference about the out-of-hospital mortality is complicated. Nevertheless, the hospital discharge records can be used to determine the duration of out-of-hospital spells for all patients. For a fraction of these spells that do not end with a second hospitalization, the death outcome occurs but is not observed. This paper shows that the duration of the out-of-hospital spells can be used to derive information about the long-term survival rates after discharge. Given the importance and availability of PDD, an estimation procedure that can accommodate such an analysis can be very useful.
The data used in this paper are taken from the California Patient Discharge Data Version A (PDDA). This data set contains the records of all individuals who were hospitalized in California from 1992 through 1998. The PPD has been used to measure the quality of hospitals based on survival/death probabilities [3, 8, 11] . As far 3 as we know, this paper is the first that estimates the mortality rate after discharge from the PDDA. We show that out-of-hospital mortality rate is identified, even if deaths after discharge are not recorded. We apply the duration model framework to derive the distribution of hospital spells and out-of-hospital spells for this type of data. As a by-product we also measure the discharge rate. In most of the quality measures used in the literature the discharge rate is not disentangled from the mortality rate. In addition, using a simplified version of the derived distribution we evaluate the validity of the quality measures commonly used in the literature.
Another complication is that in the public use PDD the exact dates of admission have been omitted. Only the year and month in which the hospital stay started and the length of hospitalization in days are retained. Therefore, the derived distribution of out-of-hospital spells cannot be used directly. In this paper, we develop a statistical framework that deals with both problems, namely the censoring of death outcomes and the omission of exact dates. We show that, at the cost of loss of accuracy, the parameters of interest can be identified from the fragmentary data in the public use file.
The plan of the paper is as follows. Section 2 introduces the statistical model.
We discuss the identification of the out-of-hospital mortality rate if deaths after discharge are not recorded. We also show that most measures of in-hospital mortality that are commonly used in the literature do not fully separate the discharge outcome from survival. Section 3 provides more information on the Patient Discharge Data.
We also derive the distribution of the spells observed in the PDDA. Section 4 contains the estimation results and section 5 concludes the paper with a brief discussion of the main results. 
Identifying the out-of-hospital mortality rate
In this section we abstract from the problems created by the omission of the exact admission dates in the public use file. This shortcoming of the data will be discussed in section 3. Here, we address the problem of unobserved out-of-hospital death outcomes. We assume that for a member of the population the complete hospitalization history during the observation period [0,T] is observed. A complete hospitalization history consists of a sequence of hospital stays and spells outside hospital (see Figure 1) or equivalently, of a sequence of transitions between two states: hospitalized (H) and discharged (D). A hospital spell ends if the patient is discharged or if she dies. An out-of-hospital spell ends if the patient is admitted or if she dies. Death is thus considered as a transition to a third absorbing state. Basically, if the out-of-hospital deaths were known, the problem would reduce to a three-state duration model similar to those models used in modeling unemployment and labor participation [12] [13] [14] . In line with this literature we use a proportional hazard framework. In our case however, the time of death is observed 5 only if the patient dies in a hospital. The problem is to estimate the transition rates and in particular, the out-of-hospital mortality rate from the observed hospitalization records. The methodology used here is very similar to the approach used in 'capturerecapture' models for estimating demographic parameters of wildlife populations.
Pollock [15] provides a survey of these models.
The hospitalization record has multiple time scales: the observation times (0 is the start of the observation period), the duration of hospital or out-of-hospital spells (0 is the start of the spell), the time since the onset of the disease, calendar time, and age.
In the sequel both observation and duration time are used. It is clear from the context which time scale is used.
The in-hospital mortality and discharge rates
A hospital spell is denoted by t H . As shown in Figure 1 , a hospital spell ends with the death of the patient with intensity μ H (t) or with the discharge of the patient with intensity λ D (t). A hospital spell could also end with the transfer of the patient to another hospital. This could be considered by introducing a transfer intensity. Here, only one hospital spell is considered and the patients who have been transferred to another hospital are excluded from the sample. In fact, as the estimated mortality rates are usually used as a hospital quality measure, it is difficult to distinguish the contribution of each one of the hospitals in survival rates. In some administrative records, transfers are not distinguished from other discharges. In such cases, λ D (t) can be considered as a weighted average (with weights depending on the hospital spell) of the discharge and transfer densities.
Let 
The out-of-hospital mortality and hospitalization rates
For the identification of the out-of-hospital mortality rate the spell spent outside hospital denoted by t D is considered ( Figure 1 ). This spell starts at the time of discharge from the hospital. It ends if the patient returns to the hospital (not necessarily the same hospital) or if she dies. However, the death is not observed. Let λ H denote the hospitalization rate and μ D the mortality rate outside hospital. These rates may depend on the time since the last hospitalization t. For ease of exposition it 7 is assumed that this spell starts at time 0 and that it is censored at time T. The distribution of t D is mixed discrete-continuous with a positive probability that t D ≤T.
To show this consider for t≤T: . The first term on the right-hand-side is the probability that by t neither a death nor a hospitalization has occurred. The second term is the probability that during [0,t] the individual has died. In this case since deaths outside hospitals are not observed, the observed spell is still in progress.
In fact for all patients who die before re-hospitalization the observed spell t D is of infinite length. This means that the distribution of t D is defective and the probability of observing an infinite spell is the average of the probability of death before hospitalization, where the average is computed over the duration of the latent out-ofhospital spell, that is: 
Moreover:
The pdf given in (5) and the probability in (6) are the basis of the likelihood estimation of the out-of-hospital mortality and re-hospitalization rates. μ D and λ H are assumed to be piecewise constant over k' intervals 0=
Similarly, the constant effects of covariates (X) are included in a proportional hazard framework, resulting in the following hazard functions: To show that both hospitalization and mortality rates are identified consider first the special case where both rates are constant over time. In this case the conditional pdf (5) reduces to:
which is the pdf of a truncated (at T) exponential distribution with parameter κ=μ D +λ H . Hence, from the distribution of spells that end in hospitalization the sum of mortality and hospitalization rates is identified. Moreover, the probability of rehospitalization before T is:
Since κ=μ D +λ H is identified from (9), λ H is identified using the probability given in (10) . The joint distribution of t D ,D D has the following pdf:
The above argument can be extended to piecewise constant rates μ D (t) and λ H (t). It suffices to first censor the out-of-hospital spells at T 1 (the first interval). The rates are constant over the interval thus identified using the censored spells. The spells that end with a hospitalization in the interval identify the sum of mortality and hospitalization rates and the fraction of spells that are censored identify the rates separately. Next, consider the out-of-hospital spells that end with a hospitalization in the second interval (T 1 ,T 2 ]. It can be shown that the distribution of these spells is such that t D −T 1 has a truncated (at T 2 −T 1 ) exponential distribution with a parameter that is the sum of mortality and hospitalization rates on the second interval. Hence this distribution identifies the sum. The hospitalization and mortality rates are identified from the fraction of spells that are censored at T 2 . This argument can be repeated for the remaining intervals.
Measures used in the literature
In this section the quality measures used in the literature are discussed using the proposed model. The measures can be divided into three categories: in-hospital mortality outcome, mortality outcome within a given period after admission, and readmission within a given period after discharge. For ease of exposition it is assumed that all transition rates are constant.
A number of papers [2, 3, 16] used the mortality outcome at discharge. This measure can be written as a function of in-hopsital mortality and discharge rates:
It can be shown that the in-hospital death probability is increasing in μ H and decreasing in λ D . To the extent that discharge practices differ across hospitals, this measure cannot be used as a hospital-specific mortality. An alternative used by Geweke et al. [11] is the in-hospital death probability within 10 days after admission.
This in-hospital mortality probability within period t after admission can be written as:
In this case depending on the chosen value of t, the death probability can be decreasing or increasing in μ H . Therefore, even assuming a constant discharge rate across hospitals, this cannot be used as a measure of hospital-specific mortality.
Another commonly used measure is the death probability within a given period after admission. These deaths may occur inside hospitals or after discharge.
Some studies [17] [18] [19] [20] [21] have used mortality within 30 days while others [4, 22, 23] used longer periods up to one year. This measure may seem appealing because it can represent a relatively long-term outcome that is seemingly independent of discharge rates.
The probability of death within t days after admission can be written as the sum of the probabilities of the in-hospital and post-discharge death before t, that is: Another measure of quality is the re-hospitalization probability within a given period after discharge. Various authors [3, 13, 18, 23] have considered different periods 11 usually varying between 14 days to a few months. The readmission probability within t days after discharge can be written as:
The problem with this measure is that for short readmission periods (small t), it is not increasing in λ H , and for relatively large periods the correlation between readmission risk and hospital quality is low [7] . Moreover, as it can be seen this measure depends on the out-of-hospital mortality rate. In fact, for short periods (small t) this measure is a decreasing function of μ D . In cases where the out-of-hospital mortality is not observed, small rates of re-hospitalization may be associated with high mortality rates, hence not necessarily a higher hospital quality. The above problems provide an explanation to why the readmission measures of quality as used in the literature are inconsistent with other measures of hospital quality [6, 7] .
Ettner and Hermann [24] used the readmission within 30 days after discharge for psychiatric patients. Given that mortality rates are quite low for these patients, the re-admission measure may be appropriate. Assuming that μ D is close to zero, the probability given in (14) can be simplified as: (1 ) H t e λ − − , which is a non-decreasing function of λ H , and therefore can be used as a proxy for re-hospitalization rate.
The patient discharge data
Description of the data
The data used in this paper are extracted from California Hospital Discharge
Data. The population considered in this paper are all individuals of 65 years of age or older who were hospitalized during 1992-1998 with Acute Myocardial Infarction (AMI) as their principal diagnosis and who were in an initial episode of treatment.
This data set has been merged with data from California Hospital Disclosure Data on hospital characteristics such as size and ownership status. A detailed description of these data has been given elsewhere [25, 26] . AMI is an acute condition and these patients are less subject to selection problems. Systematic selection of patients to specific hospitals may bias the estimates of hospital characteristics on mortality rates. Heart attack patients are likely to go the closest hospital. Moreover, a considerable part of deaths caused by AMI occur inside hospitals. The elderly age group is chosen because all these patients benefit from
Medicare and are less likely to be rejected by hospitals. The identification of postdischarge mortality relies on the assumption that an out-of-hospital spell ends in rehospitalization or death. A third possibility is that the patient leaves the state of California. The migration is less likely for the elderly patients with an acute condition.
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Using the patient identification numbers that are encrypted unique numbers, the patients in the sample have been linked to another data set including all the hospitalizations in California (for any reason) over the sample period. The latter data set including about 10 million patients has been extracted from the PDDA files. For each patient in the sample the total lengths of hospitalizations in the first month and in the re-admission month were calculated. For each patient, the first month is the month in which her initial hospitalization for AMI has occurred. The second and later hospitalizations need not be for AMI and can be for any condition.
Implementation of the model
The estimation of hospital spells is straightforward and the joint distribution of t H , D H with piecewise constant rates can be directly derived from equation (1) using (2) For the spells that do not end in re-hospitalization the contribution to the likelihood function is given by (6) using expressions (7) and (8) . The end of observation period (T) used in (6) is a patient-specific variable. T in days is given by: 
where k is the number of hospital spells that started in the re-hospitalization month m 2 , and Hi t (i=1, 2, …, k) is the length (in days) of these hospital spells. Note that the above definitions can be readily extended to cases with multiple admissions in the first month, in which case 0 H t must be set equal to the first month's longest hospitalization in (15) and (16), and the upper bound (17) must be reduced by the sum of the remaining hospital spells of that month.
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The spells that end in re-hospitalization make the following contribution to the 
where the integrals Λ H (t) and Μ D (t) are obtained using the expressions in (7) and (8).
A complete derivation of the likelihood function is provided in the appendix.
Estimation results
The data on the first reported hospital spell are used to estimate the in-hospital mortality rate and the discharge rate. The in-hospital sample includes the entire sample of 115,805 elderly patients, hospitalized for an initial episode of AMI. The summary statistics are given in Table 1 Table 2 gives the summary statistics for out-of-hospital spells. Discharge and in-hospital mortality rates are assumed to be piecewise constant over 5 intervals: 0 to 2 days, 2 to 4, 4 to 6, 6 to 10, and more than 10 days. Table 3 gives a summary of the regression results for the hospital spells. For each listed variable the estimated coefficients represent the variable's marginal effects on the hazard rates of discharge and in-hospital mortality respectively. For instance, the results suggest that in-hospital mortality hazard rate in For-Profit (FP) hospitals is on average 8% higher than in Non-Profit (NP) hospitals (the omitted category). FP hospitals also show a 5% lower discharge hazard rate compared to NP hospitals. The results also indicate that compared to the base category (Non-Profit hospitals), public hospitals have higher rates in both mortality and discharge (by about 5%). Hospital size has a significant effect on both mortality and discharge rates with large hospitals having lower rates.
As expected, both severity and age have a positive effect on mortality. The discharge rate is negatively affected by severity and age, but the age effects on discharge are not uniform. This could be explained by the fact that very old patients might get discharged to nursing homes or long-term care centers. The calendar year effects indicate that there is no significant trend in the mortality rate, but there is a strong upward trend in the discharge rate suggesting a general tendency toward shorter hospitalizations. The significant changes in transition rates over the intervals show that the rates are time-variant. For instance the mortality rate in the first two days of the spell is significantly higher than in the rest of hospitalization. This result has an important health policy implication pointing to the crucial importance of the immediate stabilization of AMI patients.
The significant variation of discharge rates across hospitals with different ownership status supports the concern that lower in-hospital mortality rates may be associated to higher discharge rates. For instance, the results suggest that part of the difference in mortality between FP and NP hospitals could be associated with different discharge rates across the two hospital types. Therefore, the in-hospital mortality rate does not give a complete picture regarding hospital quality. On the other hand relatively high discharge rates in the NP hospitals do not represent a lower quality in itself, as long as it does not lead to higher chances of post-discharge mortality. The estimation results for the out-of-hospital mortality and re-hospitalization rates are given in Table 4 . Transition rates are assumed to be constant. This table does not show any significant effect of hospital ownership on the mortality and rehospitalization rates. The hospital size shows a significant and negative effect on both re-hospitalization and mortality. Combining these results with those of Table 3 , one 20 could conclude that mortality rates are on average lower in larger hospitals. As expected severity and age has a positive effect on both re-hospitalization and mortality rates. The results also indicate a significant growth in both hospitalization and mortality rates. These findings along with those of Table 3 suggest that over time, hospital stays have become on average shorter resulting in lower in-hospital mortality rates but higher re-hospitalization rates and higher out-of-hospital mortality probability.
Another interesting example that can be used to highlight the contribution of the proposed model is the analysis of quality differences between NP and FP hospitals, based on mortality outcomes. A few empirical studies on US hospitals suggest relatively high AMI mortality rates for FP hospitals [4, 28] . This result is similar to our results suggesting relatively high re-hospitalization rate and in-hospital mortality for FP hospitals. However, our findings also show that a major part of the FP hospitals' excess in-hospital death rate might be related to lower discharge rates.
Moreover, although FP hospitals show slightly (but not significantly) higher readmission rates, their out-of-hospital mortality risks are similar to NP hospitals.
Finally, the relatively high discharge rate in NP hospitals (Table 3) is not associated with higher probability of out-of-hospital death or re-admission for these hospitals.
Therefore, the results suggest that though being different in discharge and in-hospital mortality, NP and FP hospitals do not show any quality difference in this regard.
However, public hospitals that indicate relatively high in-hospital mortality and discharge rates also have slightly (but not significantly) higher post-discharge death probability. This might be interpreted as a relatively low quality of care in these hospitals.
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A shortcoming of the out-of-hospital analysis is that the transition rates are assumed to be constant. A version of the model with piece-wise constant rates with one cut-off point has been applied to a similar data set [25] . The high estimation errors of the possible changes in hazard rates in that analysis indicate that with the available data such an extension does not provide any significant improvement over the constant-rate model used in this study. This can be explained by the fact that with the available data we cannot calculate the exact duration of out-of-hospital spells. 
Conclusions
Using a transition model it is shown that the out-of-hospital mortality rates can be identified using the patient discharge records without post-discharge death records.
This is an example of the use of public administrative data for the estimation of empirical relations when key independent variables are not available in the data. The paper shows that with certain assumptions, the data on the duration of hospitalizations and out-of-hospital spells can be used to estimate the mortality rates before and after discharge as well as discharge and (re)hospitalization rates. The analysis is based on an important assumption that patients do not have access to hospitals outside the sample. The common measures of hospital quality based on mortality risks, used in the literature are studied. Most of these measures do not distinguish discharge from survival. Given the significant variation of discharge rates across hospitals, such measures of quality may be misleading.
The model has been applied to a sample of heart-attack patients hospitalized in California general hospitals from 1992 to 1998. The analysis has been performed for in-hospital and out-of-hospital spells separately. The in-hospital analysis indicates a considerable variation in the discharge rate of AMI patients among different hospital types. For instance, a low incidence of in-hospital mortality in a hospital type could be together with a high rate of discharge. Therefore, the use of such mortality outcomes as a measure of hospital performance, without considering the discharge rates could be misleading. In particular the results suggest that the relatively high in-hospital mortality rate in FP hospitals is partly due to their low discharge rate. However, public hospitals in the sample show relatively high rates in both in-hospital mortality and discharge.
As for the out-of-hospital analysis, an important complication of this data set is that the admission dates are identified only up to a month. The estimation procedure has been modified to accommodate this lack of data by writing the likelihood function based on upper and lower bounds rather than the exact length of the out-of-hospital 23 spells. This comes at a loss in efficiency, which could potentially result in relatively high estimation errors in the parameters estimates. The results suggest that hospital ownership does not have a significant effect on out-of-hospital mortality or rehospitalization rates. However, larger hospitals show on average lower incidences in both rates.
There are a few caveats in the present study, which are left for further research. First, in the epidemiological literature [29-31] additive covariate models are generally preferred over multiplicative forms such as proportional hazard framework used in this paper. The application the proposed model in the additive competing risks framework could be an interesting extension. Secondly, the restriction of piece-wise constant hazard rates could be relaxed by using semi-parametric models. Third, the unobserved heterogeneity can be taken into account by introducing stochastic variation in the model's parameters. Finally and most importantly, a validation study using data with observed out-of-hospital deaths or a Monte Carlo simulation study should be used to validate the adopted methodology regarding the out-of-hospital mortality rates. Pending such validation studies, the results obtained in this paper cannot be directly used for any policy conclusions. Rather, the adopted methodology underscores the potential use of incomplete data for statistical inference about unobserved events. 
Appendix: Derivation of the likelihood function
In-hospital spells:
Using piecewise integration and plugging relations (2) and (3) into Equation (1), the joint probability distribution corresponding to in-hospital spells can be written as: where N is the sample size and superscript n denotes the observation number.
Out-of-hospital spells:
The probability that the spell does not end in a re-hospitalization ca be obtained from Equation (6) by substituting mortality and re-hospitalization rates respectively from (7) and (8), and using piecewise integration: Similarly, the probability related to the spells that end in re-hospitalization can be obtained from Equation (18) 
